Abstract-Online communities are connecting large numbers of individuals and generating rich social network data, opening the way for empirical studies of social behavior. In this paper, we consider the widely-held view of social scientists that bonding interactions are more likely than bridging interactions in social networks, and test it within the context of the large online Twitter community. We find that indeed users who request to follow others having similar profile descriptions (i.e., attempting to bond) increase the number of Twitter users who reciprocate their follow requests. From a practical standpoint, this result also informs how a new user might interact on Twitter to maintain a high follow-back ratio.
I. INTRODUCTION
Online communities are groups of individuals connected by some generally well-defined, explicit relation, such as a shared medical condition in a health community, a trusted contact link in a business network, or an established friend or family relationship in a photo-sharing community. Technology, of course, has been the great enabler for the creation and evolution of such communities. Many of the most visited websites on the Internet, such as YouTube, Facebook, Wikipedia, and Blogger, allow users to connect and maintain ties via a social network. Furthermore, various organizations and initiatives are advocating the creation of standards that support this trend. For example, the Friend of a Friend project describes itself as "a simple technology that makes it easier to share and use information about people and their activities," while the OpenSocial initiative observes that "the web is more interesting when you can build apps that easily interact with your friends and colleagues."
The emergence of global and easily accessible online communities is revolutionizing the way in which individuals, and now even businesses, interact with each other. In turn, the science of building, discovering, understanding and leveraging such communities, or social networks, becomes increasingly important, as the Internet continues to grow into the largest collection of ideas, attitudes, personalities, and cultures in human history.
At the heart of social network analysis is the notion of social capital, aggressively pursued and popularized in the past couple of decades by sociologists and political scientists, such as Coleman [1] , Lin [2] , and Putnam [3] . Unlike other forms of capital that are centered around the individual, social capital is a property that emerges from the relationships that exist among individuals. While there is no consensual definition of social capital, most definitions focus on the value of social relations in achieving some individual or group benefit based on the resources present in the underlying network. The focus of social capital may be on the relations one specific individual maintains with other individuals, on the structure of the relations within a group of individuals, or on a combination of these [4] , [5] . An interesting study of the role of social capital in creating group-level benefits is Paxton's work on the mutually reinforcing effects of social capital and democracy [6] . In this paper, we restrict our attention to a consideration of the relationship of social capital to individual-level benefits or goods.
There is still an active discussion in the social sciences of exactly what social capital is, what forms it may take, or what it may entail. It is clear though that in order to create and leverage social capital, individuals must interact. For the purposes of our study, we consider one of the three forms of social capital identified by Coleman, namely information. Informational social capital arises from relations that provide information that, in turn, facilitates action [1] . Furthermore, we adopt Putnam's high-level dichotomy of social capital into bonding social capital and bridging social capital, where bonding social capital refers to the value assigned to social networks among homogeneous groups of people and bridging social capital refers to the value assigned to social networks among heterogeneous groups of people [3] , [7] .
The study of social capital requires the availability of sufficiently rich social network data. In the physical world, the acquisition of such data remains one of the biggest challenges. To cite just one example, Haynie's recent work on delinquency is based on the National Longitudinal Survey of Adolescent Health, which draws information from kids at 132 schools, yet the network sample includes kids from only 16 schools [8] . Studies have to be rather large to obtain even adequate network data. The cost of compiling such studies is significant as it involves the design and administration of expensive surveys. By contrast, cyberspace has no such limitations, either of size or cost. Indeed, the ease with which connections can be made online means that rich social network data is becoming available, opening the way for authentic, large-scale analyses of social behavior. We show one such analysis here, focused on bonding and bridging social capital, in the context of the Twitter community.
Twitter is a fast-growing online social network, which went from 2-4 million users at the beginning of 2009 to about 40 million users by the end of that year. This relatively new community allows users to contribute short free-form status updates, called tweets, about themselves, and to follow the updates of others. Individuals are using this service to interact with friends, while businesses are beginning to use it to reach out and respond to customers. Twitter status updates can be a rich source of information about individuals, while the following and follower relationships provide the backbone of the underlying social network.
The principle of homophily, that contact between similar people occurs at a higher rate than dissimilar people, has been examined extensively [9] . Social capital researchers have also suggested that bonding interactions are more likely to occur than bridging interactions. Lin, for example, points out that interacting homogeneously (i.e., bonding) "should be the expected pervasive pattern of interactions observed," because it requires the least effort, while interacting heterogeneously (i.e., bridging) demands effort due to resource differentials and the lack of shared sentiments [2] . Or, as Burt puts it,"closure is the more obvious force. People advantaged by barriers between insiders and outsiders have no incentive to bring in outsiders. People too long in their closed network have difficulty coordinating with people different than themselves." [10] . In this paper, we use Twitter to verify that bonding interactions are indeed the pervasive pattern.
The paper is organized as follows. We first give a brief overview of some of the most relevant related work. We then proceed to describe our framework to quantify and measure both bonding and bridging social capital in online communities. Finally, we outline our experimental design and present the results.
II. RELATED WORKS
The interactions and structure of online social networks is dynamic and complex. Social network analysis assumes that the relationships among interacting units are a critical source of information [11] , [12] . Within the social sciences, the study of these interactions has given rise to a number of interesting results. We mention only a few here, that are most relevant to our own analysis. Granovetter introduced the idea of the strength of weak ties, where otherwise dissimilar individuals engage in significant social interactions [13] . While it precedes such work, this idea is captured by the notion of bridging social capital as we use it. Haythornthwaite, in her work on the impact of communication media on social interactions, distinguishes among three types of ties, namely latent ties, weak ties and strong ties [14] [1] . We capture these ideas through directed, weighted connections.
Most studies have been done in the context of static networks. Recently, however, some researchers have begun to study the actual dynamics of social network formation and evolution, leading to the discovery of several interesting patterns such as degree power laws and shrinking diameters (e.g., see [15] , [16] , [17] , [18] , [19] ). Other studies have focused on analyzing explicit group formation and evolution [20] , [21] , [22] . Similarly, our formalism takes into account the inherently dynamic nature of social networks, which, according to Coleman is essential to the formation of social capital [1] . In particular, the notion of implicit affinities is used to further allow the nature of underlying relationships and groupings to vary over time.
In practice, social network analysis has been used to understand an assortment of complex group phenomena, such as terrorist networks [23] , [24] , [25] , [26] , animal sociality [27] , wasp colonies [28] , and spread of diseases and behaviors [29] . Studies with an explicit focus on social capital have been used to explain, for example, how certain individuals obtain more success through using their connections with other people. In an interesting study about CEO compensation, Belliveau and colleagues show that social capital plays a significant role in the level of compensation offered to CEOs [30] . In another study on social capital in the workplace, Erickson concludes that "good networks help people to get good jobs" [31] . Social capital has also been used in computer science to analyze the impact of the number of organizers with whom a potential author is friend on that authors publication records [32] , and indirectly to distinguish between factual and relational content in social media communities [33] . Our work continues this tradition of using computational methods to explain social behavior.
III. SOCIAL CAPITAL FRAMEWORK
Social capital within a community is grounded in relationships, individuals' attributes, and available social resources. To exploit this information, we find it useful to distinguish between two types of relationships among individuals, as follows.
• An explicit connection links one individual to another based on some purposive action (e.g., sending an email, visiting) or a well-defined relationship (e.g., being a friend of, collaborating with). Individuals thus linked are aware of the explicit connections among them.
• An implicit affinity connects individuals together based on loosely defined affinities, or inherent similarities, such as similar hobbies or shared interests. Individuals may not be aware of the similarities in attitudes and behaviors that exist among them.
We call explicit social networks (ESNs), social networks built from explicit connections and implicit affinity networks (IANs), social networks arising from implicit affinities [34] . A network with both implicit affinities and explicit connections is a hybrid network. In social network analysis terminology, a hybrid network is a multigraph having an explicit and an implicit relation among actors. Implicit affinities are weighted by the amount of similarity estimated between individuals. The similarity metric chosen uses relevant attributes derived from the description and behavior of an individual. We make the important assumption that online personas are accurate. In other words, we assume that "you are what you say you are" online.
Social capital is naturally interested in implicit affinities, since it clearly has some relation to shared affiliations or activities among individuals [30] . On the other hand, social capital can really only accrue when individuals are aware of it, that is, when they establish explicit connections among themselves. Hybrid networks thus play a key role in the definition of social capital, and the kinds of connections that exist among individuals determine whether that capital is realized or not. Note that in a strict sense, social capital is only realized, or accrued, once actions are taken and their result evidences the presence of said social capital. Hence, typical studies of social capital are retrospective. Here, however, we wish to use the notion of social capital to predict how one should leverage one's relations. For example, given that X and I are friends, that X is a head hunter and that I am looking for a job, I would want to ask X to help me find a job. Clearly, I may be misguided in the trust I place in X in this context (i.e., there may not be any social capital for me to leverage here), but it seems most reasonable to assume that I am not and to try to leverage what I perceive as social capital. For simplicity, we say that such capital is realized. 1) Implicit affinities only. In this case, the individuals have much in common (e.g., similar occupation or hobbies) but they are unaware of it. If they were to connect explicitly, they would be bonding, but since they have not yet, we say that there is only potential for bonding social capital here. 2) Implicit affinities and explicit connections. In this case, we say that the potential for social capital is now realized as similar individuals connect to one another explicitly. 3) No implicit affinities and no explicit connections. In this case, the individuals have little or nothing in common and they are unaware of each other. If they were to connect explicitly, they would be bridging, but since they have not yet, we say that there is only potential for bridging social capital here. 4) No implicit affinities but explicit connections. In this case, the mostly dissimilar individuals are now connected to one another (e.g., colleagues collaborating across disciplines or members of a church choir). Hence, we say that there is realized bridging social capital. Both implicit affinities and explicit connections are therefore necessary to predict the network's social capital. Based on this framework, we have derived an effective mathematical formulation of social capital, as follows. An earlier version of this formulation is in [35] .
Let s
IAN ij
be the strength of the implicit affinity between nodes i and j. s
ranges over [0, 1] and is a measure of the similarity between nodes i and j. Similarly, let s ESN ij be the strength of the explicit connection between nodes i and j. s ESN ij may be as simple as 1 or 0, to reflect the presence or absence of a link, but may also range over [0,1] to capture degrees of connectivity (e.g., best friend vs. casual friend vs. acquaintance). Finally, let N be the set of nodes in the network.
We define the potential bonding social capital of an individual i as the sum of the individual's implicit affinity strength to every other individual. That is,
Likewise, we define the potential bridging social capital of an individual i as the sum of the individual's implicit dissimilarity strength to every other individual. That is,
While it seems appropriate for implicit affinities to be "undirected," since two people either share or do not share a specific affinity, it is less so for explicit edges. It is clear that the value of some (explicit) relationships is not necessarily reciprocal and may vary among participants. For example, one person may consider another person as their best friend, while that other person may look at the first as only a good friend. Thus, our framework recognizes that the amount of social capital an individual i may realize from a relationship with another individual j is not predicated upon the value that i places in the relationship, but rather upon the value that j places in it. While i may think highly of that connection, for example in the context of obtaining a job reference from j, the reference will only be as strong as j thinks of i, and not the other way.
Accordingly, we define the bonding social capital realized by a node i, when (explicitly) connecting with node j, as the product of the strength of the implicit affinity between i and j by the strength of the explicit edge connecting j to i: s
. Now, as expected, if j is unaware of i, even when i may be aware of (and possibly even count on) j, there is no social capital available for i from that relationship. The (realized) bonding social capital of an individual i is the sum of its realized bonding social capital with all other individuals. That is,
Likewise, the (realized) bridging social capital of an individual i is the sum of realized bridging social capital with all other individuals. That is,
Finally, as mentioned earlier, social capital is comprised of the two types of social capital. Therefore, the social capital for an individual i is the sum of its bonding capital and bridging capital. That is,
IV. EXPERIMENTAL SETUP
The following experiment was designed to test the social scientists' hypothesis that bonding is more likely than bridging in social networks. Given our framework, this hypothesis may be recast into the following measurable Twitter hypothesis.
Hypothesis. Following users with whom the most affinities are shared (i.e., attempting to bond) produces more follow-backs (i.e., bonding) than other following strategies.
The idea is that individuals who follow-back others who deliberately adopt a following strategy motivated by a desire to bond create bonding social capital. If there is a stronger tendency for individuals to follow-back those of their followers who are like them rather than others, then this, in some sense, establishes that bonding is more pervasive than bridging. Hence, by comparing the relative number of follow-backs and followers (i.e., the bonding social capital accrued) by adequate strategies, we can verify our hypothesis.
For our experiment, we created a set A of Twitter accounts. Each account was setup to behave approximately the same as all others for everything, except for the individuals it chooses to follow. Specifically, each Twitter account in A was given a screen name that varied only by the random three-digit number appended to a pre-specifed name (e.g., jon287, jon797, jon853). Each account was also given the same profile information (see Figure 1 for an example), and all accounts were scheduled to tweet at approximately the same times. This rigorous setup allowed us to test the unique following strategies assigned to each account.
The implicit affinity network among Twitter users was derived from the profile description, labeled Bio in Figure  1 . Alternatively, the implicit affinity network could naturally be derived from tweets made by users, thus creating a more dynamic but also more computationally intensive network. We chose to be conservative by utilizing just the profile description for this study. Collecting status updates (i.e., tweets) requires additional calls to the Twitter API and could require a significant amount of text mining, which could slow down the pace of the experiment and possibly limit the applicability of the results for regular Twitter users. Profile descriptions are relatively easy to obtain, are less dynamic, and can be sufficiently descriptive of a particular user. Implicit affinities were calculated by counting the number of matching unigrams and bigrams within profile descriptions after removing common stop words (e.g., a, by, on, the, with). Thus, users having more profile affinities (with the accounts in A) offer opportunities for bonding. Those with few or no affinities offer opportunities for bridging.
Name Jon Location USA Web http://bit.ly/unique-hash Bio I love data mining, social networks, machine learning, business intelligence, pattern recognition, and natural language processing. A selection of Twitter users, U, was sampled from the Twitter public timeline. Rather than including anyone that recently tweeted something, we decided to restrict our sampling to those that had recently tweeted either "data mining" or "social networks". Sampling from the Twitter public timeline without restriction opens the possibility that all of the accounts sampled in U could share very little or even nothing with the niche accounts in A. We chose to avoid this possibility, and effectively narrowed the candidate pool to those that could possibly share an interest with the targeted focus of the accounts in A.
Next, each Twitter account in A was assigned a following strategy as follows.
A Bonding -this strategy attempts to bond by following users, in U, with whom the most affinities are shared. In other words, at the time of selection, the user with the largest s IAN ij is followed. B Bridging -this strategy attempts to bridge by following users, in U, with whom the least affinities are shared. In other words, at the time of selection, the user with the smallest s IAN ij is followed. C Median affinities -this strategy follows the users in U having the median number of affinities shared at the time of selection. D Randomly -this strategy randomly follows a user in U at the time of selection. Every remaining user in U has the same probability of being followed. E Minimum absolute following/ers difference -This strategy follows the user in U having the smallest difference between following and followers (i.e., |f ollowing count − f ollowers count |) at the time of selection. For example, the absolute following difference is 400 for a user following 100 and followed by 500. F Maximum absolute following/ers difference -This strategy follows the users in U having the largest absolute difference between following and followers (i.e., |f ollowing count − f ollowers count |). The absolute following difference is calculated as described in the previous strategy. G Median number of followers -This strategy follows the user in U having the median number of followers at the time of selection. H Minimum number of followers -This strategy follows the user in U having the fewest number of followers at the time of selection. I Follow nobody -this strategy chooses not to follow any users. It may naturally be viewed as a control group.
A following round consisted of each Twitter account in A selecting users from U one at a time according to its assigned strategy. Users were removed from U as soon as they were selected. Thus, users from the pool could only be followed by a single account in A. Each following round began by randomizing the order in which accounts selected users. On the days that following rounds occurred, accounts selected 50 or less users to follow. Following rounds were planned to occur sporadically until every account in A was following 500 users (an arbitrary, yet substantial number of individuals). Following rounds occurred on 22 of the 105 days in which the experiment was conducted.
For the duration of the study, each of the Twitter accounts in A published identical status updates to their respective Twitter stream at approximately the same time. There were 117 status updates made across 19 different days during the experiment. Over 90% (106) of the status updates published included a link that tracked the number of times it was clicked. Each link was shortened (using bit.ly) and associated to specific account in A. After all of the users in U had been selected by the accounts in A and all status updates had been published the experiment concluded. The following statistics were analyzed for each account at the conclusion of the experiment:
• number of followers • number of click-thrus (tweets and profile click-thrus)
The final follower statistics for each account after the experiment are shown in Table I . Each account in A is listed by the assigned strategy and ranked by the number of followers. The number of follow-backs is the subset of following users that reciprocated follow requests made by the account. The followers column reports the number of followers that the account had at the end of the experiment. Unlike the statistic reported in follow-backs, this statistic includes followers that discovered the account through alternative methods. Although we do not know all of the ways that accounts can get noticed through the numerous Twitter apps, a few alternative methods for being noticed on the Twitter website include being discovered through Twitter search or by traversing the explicit social network (e.g., being discovered through a "friend of a friend").
The rejects column reports the number of users that could not be followed on Twitter, at the time the request was made, due to some reason, such as the account was protected, the user attempting to follow was blocked, or the user was suspended. Twitter is a constantly evolving community where users can block other users on a whim and where users are regularly suspended for "strange activity." For instance, attempting to follow a user that has been suspended produces the following error message: "Could not follow user: This account is currently suspended and is being investigated due to strange activity." Rejection errors occurred most often for strategies H and E, perhaps suggesting something about users that fall into these groupings (i.e., users in in group H likely block the accounts in A and users in group E tend to get suspended more often.)
The churn statistic represents the number of users that followed the account for some time during the study, but no longer followed the account at the end of the study. The current guidelines on Twitter's website state "if you decide to follow someone and then change your mind later, thats fine!" However, they discourage aggressive follow churn, which they define as "when an account repeatedly follows and un-follows large numbers of users." 1 Churn was observed most often for strategy F (more than double strategy A, the next highest) -perhaps more users selected by this group are using automated tools to aggressively follow and un-follow.
The second to last column, follow total , is the total number of users that were followed by the account, or the sum of following and rejects. The last column, follower total , is the total number of users that followed the account during the experiment, or the sum of followers and churn. Figure 2 shows a plot of the number of follow-backs that each account had during the experiment. Following rounds occurred on the days marked in the row labeled f. Status updates occurred on the days marked in the row labeled s. The followbacks plotted is the cumulative sum of followers obtained on the day indicated and that remained at the conclusion of the experiment. Users that followed back but were no longer following at the end of the study are not included. Following rounds are accompanied by noticeable increases in followbacks for all following strategies, with significantly larger such increases for strategy A, a first indication that bonding may indeed be easier.
We formally tested our hypothesis using proportion tests. Strategy I is left out as it does not follow anyone (i.e., following=0) and thus proportions would be undefined (division by 0). All other strategies are included in the results, but our focus is on strategies A and B. Users who follow A, especially when reciprocating (i.e., follow-backs), are clearly bonding since they were first picked by A because they were similar to A. Users who follow B, again especially when reciprocating, cannot be bonding, and must be bridging, since B explicitly chose them for their dissimilarity with itself.
A test comparing the followers-to-following proportions showed that strategies A and B were significantly different having a p-value < 0.001. Upon performing a pairwise proportion test across all of the strategies, we observe that many of the strategies were significantly different, as shown in Table II . Note that the p-values were Bonferroni adjusted and considered significant only if they were less than alpha (α = 0.01, p < α). While it appears that A's bonding strategy is not significantly different from D's random following strategy, this is probably due to the fact that we pre-selected the set U of users to follow based on their affinities with A. Hence, if our hypothesis holds, a random strategy would exhibit a fair amount of bonding.
As an additional check, a pairwise proportion test was performed on the follow-backs-to-following proportion, as shown in Table III . Again, this test shows that strategies A and B are significantly different. As above, the p-values were Bonferroni adjusted and considered significant only if they were less than alpha (α = 0.01, p < α). These results are similar to the above.
Next, we investigate the click statistics. Figure 1 ) was clicked for each account. The next column, total clicks, is the sum of the previous two columns and is the total number of clicks obtained for each account. Lastly, the number of mentions, or any Twitter update that contained @username in the body of the status update, is listed for each account. Note that due to a small configuration error, not all of the click data was recorded for strategy G. It is therefore not included in the ranking (only 78 of the 106 links posted were tracked). The click results were somewhat unexpected. First, the number of clicks obtained for strategy I (i.e., followed nobody) is surprisingly high and similar to the number of clicks obtained for the other strategies. We think that this may be due to how rigorously Twitter data was being consumed by automated tools and web crawlers during the study. Secondly, we expected that the number of clicks for each account would be linearly proportional to the number of followers. This was not the case. Figure 3 plots the number of clicks versus the number of followers. The adjusted R 2 value of 0.28 for the linear model confirms that it poorly fits the data. The number of clicks did not appear to be proportional to the number of followers, nor did the number of clicks vary significantly among strategies with a standard deviation of 46. These results suggest that, in terms of obtaining clicks, tweeting is more important than obtaining more followers.
Finally, we consider the social capital accrued by each strategy. Using the formulas defined in our framework, we compute the social capital realized by each strategy at the end of the experiment. in descending order. Again, these results set A's bonding strategy as a clear winner over all strategies, and in particular significantly higher than B's bridging strategy. Note that the seeming rise of strategy I is due to the fact that social capital is accrued based on followers rather than following, as discussed above. Hence, while I did not follow anybody, it did garner three followers as shown in Table I . The 3% proportion of bonding social capital is, however, artificially inflated by I's small number of followers.
In passing, we note that the above results also seem to confirm the intuition that utilizing a random following strategy produces more follow-backs than following nobody at all. We do have to be a little careful here since, as mentioned above, the random strategy here may be confounded by our "bondingfriendly" pre-selection of users.
VI. CONCLUSION Social media is becoming an important channel for sharing news and information. For many individuals and businesses, the very dynamic Twitter community is a particularly attractive social network to participate in. We have used a novel computational framework for social capital, together with a well-defined experiment, to verify the widely-held view that bonding interactions are more likely than bridging interactions in social networks.
Our experiments involved analyzing the behavior of a group of Twitter users in reaction to a number of artificial users with pre-defined strategies. The results considered such quantities as ratio of follow-backs to followings as well as accrued social capital. In particular, they show that users who request to follow others having similar profile descriptions (i.e., attempting to bond) increase the number of Twitter users that reciprocate their follow requests, thus generating significantly more bonding social capital. Indirectly, this highlights a strategy that a new user could employ to maintain a high follow-back ratio when interacting with people on Twitter.
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